Abstract. The overarching goal of this research was to develop spatial models and demonstrate their use in selecting the most suitable areas for the inland valley (IV) wetland rice cultivation. The process involved comprehensive sets of methods and protocols involving: (1) Identification and development of necessary spatial data layers; (2) Providing weightages to these spatial data layers based on expert knowledge, (3) Development of spatial models, and (4) Running spatial models for determining most suitable areas for rice cultivation. The study was conducted in Ghana. The model results, based on weightages to 16-22 spatial data layers, showed only 3-4 % of the total IV wetland areas were "highly suitable" but 39-47 % of the total IV wetland areas were "suitable" for rice cultivation. The outputs were verified using field-plot data which showed accuracy between 84.4 to 87.5% with errors of omissions and commissions less than 23%. Given that only a small fraction (<15% overall) of the total IV wetland areas (about 20-28% of total geographic area in Ghana) are currently utilized for agriculture and constitute very rich land-units in terms of soil depth, soil fertility, and water availability, these agroecosystems offer an excellent opportunity for a green and a blue revolution in Africa.
METHODOLOGY
The methodology (Fig. 2) for determining the most suitable areas for rice cultivation in the IV wetlands consisted of 4 specific modules: (1) Identification and development of necessary spatial data layers; (2) Providing weightages to these spatial data layers, and (3) Development of spatial model, and (4) running those models for determining most suitable areas for rice cultivation. 
Identification of spatial data layers
A total of 29 key spatial data layers (Fig. 2) were identified as ideal for establishing most suitable areas for rice cultivation. The variables considered were based on their importance for IV wetland rice cultivation. These spatial data layers were categorized into following broad groups:
Biophysical, Climatic, and Water Variables:
The biophysical, climatic, and water variables considered were Rainfall, evapotranspiration (ET), length of growing period (LGP), surface water discharge, stream order, slope, vegetation, soil type, soil depth, and soil fertility.
Technical factors
The technical factors were agronomic experience, agriculture technology, and water management.
Socio-economic factors
The socio-economic factors were accessibility settlements, road-networks, markets, land tenure, labor force, credit systems, extension system, social customs, gender, rice policy tariff, rice policy subsidy, and farmers incentive.
Eco-environmental factors
The eco-environmental factors were malaria, bilhazias, onchocercasis species, and conservation of significant flora and fauna.
However, data was available for 22 variables for Kumasi and 16 variables in Tamale (these will be discussed later; see Table 6 for example).
Preparation of spatial data layers
Some of the layer information's were gathered from satellite images, field surveys, and other global datasets. Slope, stream order, road network, markets, settlements, and land use\land cover (LULC) analyzed directly from satellite data. Rainfall, ET, LGP, and diseases data were extracted from other studies [12] . Other socioeconomic factors and soil parameters from field surveys using GPS and processed in GIS by inverse distance weighted technique (IDW) (Arc GIS 9.2).
Satellite sensor data
Landsat ETM+ tiles were downloaded from the University of Maryland, global land cover facility website (http://glcf.umicas.umd.edu/index.shtml). The IKONOS data were purchased through Landsat Science Team allocations. The characteristics of these images are shown in Table 1 . All these images were converted into at-sensor reflectance based on the equations and algorithms presented in [10, 11, and 12] . The Landsat ETM+ and IKONOS data (Table  1) were used as the primary data sources for spatial parameters like settlements, markets, roads, land use\land cover (LULC), and vegetation.
Normalization
The IKONOS, and ETM+ sensors have different radiometric resolutions, hence their respective digital numbers (DNs) carry different levels of information and cannot be directly compared. Therefore, they were converted to absolute units of radiance (W m -2 sr -1 µm -1 ), then to apparent at-satellite reflectance (%), and finally to surface reflectance (%) after atmospheric correction. Details on these conversions are provided due to the uniqueness of the sensors involved. 
ETM+ data to radiance
The ETM+ 8 bit DNs were converted to radiances using the equation: 
IKONOS data to radiance
The 11-bit IKONOS DNs were converted to radiance (m W cm -2 sr -1 ) using the equation
where L ij and DN ij are the in-band radiance at sensor aperture (mW cm -2 -sr -1 ) and image product digital value of the i th pixel in the j th band, respectively, and CalCoef j is the in-band radiance calibration coefficient (DN cm 2 *sr m -1 W -1 ). Since the IKONOS image used in this study was acquired after February 22, 2001 , the values of CalCoef k used were 728 for band 1, 727 for band 2, 949 for band 3, and 843 for band 4.
Radiance to reflectance
A reduction in between-scene variability can be achieved through a normalization for solar irradiance by converting spectral radiance, as calculated above, to planetary reflectance or albedo [13, 16] . This combined surface and atmospheric reflectance of the Earth is computed with the following formula:
where ρ p is the at-satellite exo-atmospheric reflectance, L λ is the radiance (W m -2 sr -1 µm -1 ), d is the earth to sun distance in astronomic units at the acquisition date [16] , ESUN λ is the mean solar exo-atmospheric irradiance (W m -2 sr -1 µm -1 )or solar flux [17] , and S θ is solar zenith angle in degrees (i.e., 90 degrees minus the sun elevation or sun angle when the scene was recorded as given in the image header file).
Surface reflectance
Atmospheric correction was performed using the improved dark object subtraction technique [18, 19] to derive surface reflectance from apparent reflectance.
Secondary (ancillary) and remote sensing derived spatial data layers

Precipitation, ET, and slope from Secondary (or ancillary) data
Secondary (or ancillary) sources of data were used to obtain spatial data layers for rainfall (http://www.osti.gov/energycitations/product) and evapotranspiration (http://www.iwmi.cgiar.org/WAtlas/atlas.htm). Slope data was derived using the Space Shuttle Radar Topographic Mission (SRTM) (http://srtm.csi.cgiar.org/) data. Slope (Fig. 3) is one of the important data layers with areas with low slopes ideally suited for rice cultivation since they require very little investment for land preparation, presence of rich fertile soils, and adequate water. Spatial distribution of slope over the detailed (15km X 15km) study area is shown in Fig. 3 and Table 2 shows the area distribution among different slope classes. When the local slope values exceed 10°, the SRTM data is not very suitable [26] . However, only a negligible proportion of IV wetlands have such steep slopes, with overwhelming proportion of them <4° [4] .
Water availability in IV wetlands from remote sensing and field plot data
Availability of surface water resources within the study site was analyzed using drainage pattern characterized by distribution pattern of different stream orders. Typically, IV wetlands occur in 1 to 4 th order streams, beyond which they become flood plains. In general, lower order streams in Tamale and Kumasi showed seasonal flow of water while the higher order streams are characterized with a perennial flow. Nevertheless, the land suitability for rice cultivation depends on slope, soil, and water availability apart from other factors discussed in section 4.1 and its sub-sections. Table 3 summarizes the drainage characteristics of the study areas.
resolution satellite imagery (Landsat/IKONOS data) acquired on two dates: January 16, 2003 and November 7, 1999 (Table 1 ) using methods and protocols described in [20, 21] . The Table 4 summarizes the land extents under different land cover categories. The rainfed rice areas are either left fallow or have second crops (mainly vegetables) during summer. They are significantly wetter than the surroundings. As a result they are easily detected in summer imagery (e.g., Figure 5b ) and delineated out as rainfed rice. The decision is separating this class is done using extensive field-plot data (used to re-affirm class labeling). Fig. 3 . Slope of the study areas derived using SRTM data. Top: Tamale, Bottom: Kumasi. Most to least suitable areas for rice cultivation based on slope alone as a parameter is illustrated. 
Soil characteristics from soil survey
Detailed soil survey was conducted by the soil research institute (SRI) of Ghana by Dr.Buri. Soil characteristics of the study area were analyzed using results of the soil survey of 60 field plots for Kumasi and 45 field plots for Tamale (locations shown in Fig. 6 ), This reveals that the soils within the study sites are relatively deep with textures that vary from sandy loam through silt loam to loam. Table 5 summarizes the results of the soil parameters tested in the study.
Socioeconomic data through field-surveys
Socioeconomic survey was conducted in 15 villages for a total of 840 sample locations with each village having several samples (Fig. 7) and socioeconomic factors which includes farmer incentives (e.g., rice cultivation profitability), credit systems, land tenure systems, labour availability, rice cultivation experience, yield, post harvest technology, extension system, and water supply systems. Total 22500 100 Fig. 6 . Location of soil survey data points in the study areas of (a) Kumasi and (b) Tamale. The soil survey data points were spatially extrapolated, (c) and (d), to obtain soil map showing suitability for rice cultivation. 
Inland valley wetland delineation and characterization using remote sensing
Remote sensing data was used to obtain information on IV wetland distribution (e.g., stream order, stream density, and valley bottom width), their characteristics (e.g., vegetation, land use\land cover). Remote sensing was also used to delineate road network, settlements, and locate markets. The methods for delineating IVs using imagery such as Landsat, IRS, Quickbird, and IKONOS are described in [4, 5, 22, and 23] . The semi-automated methods [23, 24] consisted of: (a) Enhancement of images through ratios to highlight wetlands from non-wetlands; (b) Display of enhanced images in red, green, blue (RGB) false color composites (FCCs) to highlight wetland boundaries; and (c) Digitizing the enhanced and displayed images and delineate wetlands from non-wetlands (Fig. 5) . Once the images are enhanced and displayed at full pixel resolution, they are digitized directly off screen. The process of digitizing begins by selecting FCC RGBs that separate out wetlands from other land units. IVs occupied an area of 6240 ha (Fig. 8 ) from the detailed study area at Tamale (Fig. 8 ) and 7500 ha from the detailed study area at Kumasi (Fig. 8) .
Providing weightages to spatial data layers
In all, data were available for the 22 layers in Kumasi and 16 layers in Tamale (Table 6 ). These data layers were used in the spatial models (see section 4.4) to determine most suitable areas for rice cultivation. Two approaches were adopted in weighing layers. These were:
Equal weights and variable scores
In this approach, all spatial data layers had equal weights. Only the weights of classes within each layer were varied (Table 6 ).
Variable weights and variable scores
In this approach, all spatial data layers had variable weights based on importance of the layer as decided by experts (Table 7 ). There were 22 experts: 4 agronomists, 2 soil scientists, 3 economists, 4 agricultural extension officers, 2 socio-economists, 4 remote sensing specialists, and 3 water resources experts. In the process, slope was considered the most important layer (weight 2.95), followed by soil fertility, length of the growing period, and stream order. In contrast, the consideration of malaria had the least weightage. The weights of classes within each layers also varied (Table 7) . In the variable weights and variable scores (Table 7) , the classes within the layers are also given variable importance by the experts as per their knowledge\perception of how important the variable is for IV wetland rice cultivation. This lead to areas with least slope having highest total weightage (14.75), followed by soil and water layers. The differences in weightage between 2 approaches can be compared between Table 6 and 7.
Development of spatial model
The first step in the spatial model development will be to have a clear and precise knowledge of how the spatial data layers and the classes within each spatial data layers are scored (Table 6 and 7) . Once this knowledge is clear, the next step will be to build the spatial model (e.g., Fig. 9 ). This was done in the ERDAS spatial modeler as shown in Fig. 9 . Two models were developed: one taking the weights and scores from Table 6 (approach 1) and another taking the weights and scores from Table 7 (Approach 2). The model is coded in ERDAS modeler as follows ( Fig. 9) : Pixel score in model output = weightage of layer 1 * weightages of classes within layer 1+ weightage of layer 2 * weightages of classes within layer 2+…………..+ weightage of layer n * weightages of classes within layer n.
In first approach weightages of layer 1 to n will always be 1 whereas in approach 2 weightages of layer 1 to n will differ as per Table 7 . However, the weightages of classes within layer 1 to n will vary for both approaches. The model uses map algebra techniques [25] to arrive at the outputs. The map algebra techniques used in this model (Fig. 9) . The detailed procedure of building and running the model are provided in Appendix 1.
Results and discussions
The spatial data layers ( Fig. 2 and section 4.1 and 4.3) were weighted (section 4.4) and fed to the models (section 4.5) leading to generation of most suitable areas (Fig. 10) for inland valley (IV) wetland rice cultivation in the Tamale and Kumasi areas of Ghana. The models were first, run for entire datasets (uplands and lowlands). However, since our interest is in determining areas most suited for rice cultivation in the inland valley (IV) wetlands, we used the IV boundaries delineated in section 4.3.6 to mask out IV lowlands (Fig. 10 ) from uplands. The areas provided by the 2 approaches: (a) approach 1 (equal weights for layers and variable weights for classes), and (b) approach 2 (variables weights for the layers and variable weights for the classes) varied significantly in both study areas of Kumasi and Tamale. Often the spatial models were run using the approach 1. This can be misleading as the importance of different spatial data layers can vary significantly as indicated by expert knowledge (Table 7) in this research. So, it is critical to provide greater importance to the results obtained from approach 2.
As per approach 2 (variable weights for the layers and variable weights for the classes), Kumasi has 3% (189 hectares or ha) of the total IV wetland area (6389 ha) as highly suitable and 36% area (2297 ha) as suitable (Table 8 , Fig. 10 ). The results for Tamale were similar with 4% (236 ha) of the total IV wetland area (6240 ha) as highly suitable and 43% area (2710 ha) as suitable. Overall, 39-47 % of the total IV wetland area is suitable or highly suitable for rice cultivation. These areas have low slopes (<2%), rich soils in terms of soil depth, and fertility (soil fertility scores vary from 11 to 40, high score is highly suitable), easy water\moisture availability, close to road-network, settlements, and markets. The spatial distributions of these suitable \ most-suitable sites are shown in Fig. 10 . The total area that is distributed across various spectrum of suitability (Fig. 10, Table 8 ) will depend on the number of spatial data layers and their weighting patterns. For example, Kumasi has 22 spatial data layers compared to 16 from Tamale. This may be one of the causes of the differences in total areas under most suitable and suitable categories for Tamale (47%) versus Kumasi (39%). The above field truth points were overlaid on the outputs of approach 1 and 2 of Kumasi and Tamale (Figure 10 ). The best accuracies were obtained for approach 2 (variable weights for layers and variable weights for classes) -with overall accuracy of 84.4% for Kumasi and 87.5 % for Tamale. The errors of omissions and commissions were <23% for both areas. The confusion occurred mostly between close classes (e.g., marginal and moderate; suitable and most suitable).
CONCLUSION
This research espoused and illustrated spatial modeling approach for determining most suitable areas for inland valley (IV) wetland rice cultivation. The process involved: (a) identifying and developing harmonized spatial data layers of importance, (b) providing weightages to spatial data layers and classes within each data layers based on expert knowledge, (c) developing spatial models, and (d) running spatial models using spatial data and their weightages to arrive at areas most suitable areas for IV rice cultivation.
The study illustrated the successful application of the models in 2 distinct study areas of Ghana. The models provided the various levels of suitability, percentage areas most suited for IV wetland rice cultivation, and precise location of these areas.
The research showed that 20-28% of the total geographic area was inland valley wetlands. Of this, less than 15% of the area is currently cultivated. Of the 20-28% of IV wetland areas, 39-47% of the areas were considered suitable or most suitable for IV wetland cultivation. This mapping was performed with an overall accuracy of 84.4 to 87.5% with errors of omissions and commissions not exceeding 23% for the 4 suitability classes. In addition to these, IV wetlands have rich soils (depth and fertility) and have abundant water. These facts clearly imply that the IV wetlands will have a key role to play in the green and the blue revolution for Africa. The models precisely pin-point areas that have highest potential for IV wetland cultivation. The methods and models developed in this research can be applied across Africa to determine IV wetlands most suitable for rice cultivation in particular and development of agricultural lands in general.
